Multi-target tracking is the main purpose of many video surveillance applications. Recently, multi-target tracking based on the particle filter method has achieved robust results by using the data association process. However, this method requires many calculations and it is inadequate for real time applications, because the number of associations exponentially increases with the number of measurements and targets. In this paper, to reduce the computational cost of the data association process, we propose a novel multi-target tracking method that excludes particle samples in the overlapped predictive region between the target to track and marginal targets. Moreover, to resolve the occlusion problem, we define an occlusion mode with the normal dynamic mode. When the targets are occluded, the mode is switched to the occlusion mode and the samples are propagated by Gaussian noise without the sampling process of the particle filter. Experimental results demonstrate the robustness of the proposed multi-target tracking method even in occlusion.
Introduction
The main goal of visual tracking for video surveillance is to track the position of multiple moving targets. For example, trajectories of multiple targets are useful for analyzing traffic on roads, consumer flow in department stores, sport events, and so on. The Kalman filter [1, 2] or particle filter [3, 4, 5] are widely used for tracking objects. The Kalman filter supports an effective method by estimating a target state according to the time sequence. However, the target state is limited to the linear Gaussian model. The particle filter achieves superior performance in complicated environments. It is possible to apply the particle filter to the non-linear and non-Gaussian models. However, the traditional particle filter is not adequate to independently track multiple targets, since the samples are centralized to the modal with the highest likelihood according to the importance sampling.
Joint Probabilistic Data Association Filter (JPDAF) [6] , based on the data association technique, is a useful method for multi-target tracking. This method can independently track multiple targets by evaluating the association probabilities between measurements and targets.
The particle filter-based data association methods [7, 8] , modified from JPDAF based on the Kalman filter, are robust in tracking multiple targets with nonlinear property. However, these techniques are originally developed for radar data, and they require modification to apply to the visual tracking problem. There are many methods to track objects including the color histogram method [9, 10] , which is an extended version of the color histogram method [9] , kernel particle filter [11] , boosted particle filter [12] , and detector confidence particle filter [13] , and these methods combine feature detection and tracking for the video sequence.
Despite these efforts, there are some problems in visual tracking based on the data association technique: 1) The tracking results cannot keep the identification of each target after occlusion, because of the lack of clarity of mutual exclusion of each target; and 2) the data association process of JPDAF is too complicated to apply to visual tracking in real-time.
In this paper, we propose the disjoint particle filter (DPF) for multi-target tracking. The proposed method assumes that each measurement cannot be identified by the feature of observed data, but is only disjointed by the spatial information. DPF is faster than JPDAF, which considers every association probability between the targets and measurements, since the proposed method updates weights by only comparing the predictive target probabilities with those of marginal targets. However, the proposed approach is weak in accuracy under occlusion, because we use the spatial information of samples with propagation to evaluate the predictive target probability. To solve these problems, we use a dynamic mode which can overcome the occlusion problem. When occlusions occur, the mode is changed into the occlusion mode, and the samples are propagated by Gaussian random noise. This method enables the filter to keep track of a target even under temporary occlusion. This paper is organized as follows. In Section 2, we explain the general particle filter for visual tracking. In Section 3, we present the prediction and the update process of the proposed DPF, and how to change a filter state in dynamic mode. Experimental results are presented in Section 4, which show speedups for real time tracking and robustness in occlusion. The conclusions are presented in Section 5.
Visual Tracking using the Particle Filter
The particle filter is also known as the Condensation algorithm [12] , and has become famous in the vision-based tracking area. When the state of a tracked object is described by the 
2) Update step:
Because the integrals of the optimal Bayesian solution are intractable, the discrete sums of weighted samples drawn from the posterior distribution are used in the particle filter algorithm.
However, it is often difficult to directly sample from the true posterior density; and thus, the particles are sampled from a known proposal distribution.
In order to explain the details of the particle filter, let is the set of all states up to time step k. The samples are repeatedly generated from the proposal distribution, and the new importance weights are updated by: For successful tracking in the particle filter, which particular proposal distribution is used is important. In this paper, we use the state evolution model
as a proposal distribution for simple implementation as in [14] . So, the weights of samples are only dependent on the likelihood of measurements. However, in this simplicity of using only the likelihood for object tracking, there is a critical disadvantage for tracking multiple targets. Fig. 1 shows a problem that is created by tracking two targets with two simple particle filters. The particle samples, which independently track each of the two targets, are centralized into the left target, after overlapping at d) of the 30 th frame as shown in Fig. 1 . This problem occurs when the samples are driven to one target with higher likelihood on the neighboring two targets. Recently, many strategies have been proposed to solve the problem associated with multi-target tracking. The key idea of the literature is to estimate each object's position separately, and the measurements should be assigned to each target. Therefore, data association has been introduced to relate each target to its associated measures. Among the various methods, the Joint Probabilistic Data Association Filter (JPDAF) algorithm [8] is taken into account as one of the most attractive approaches.
Disjoint Particle Filter
One of the shortcomings of the data association method [8] is that the computational complexity exponentially increases as the numbers of targets and measurements are increased.
Therefore, the objectives of our proposed DPF are reducing the computational complexity and tracking each target efficiently.
Prediction
Consider the problem of tracking T targets. We use the same number of particle filters as targets.
, where π is an indicator that determines the mode of the particle filter. We assume that each measurement data is not identified. Our state vector, k t x , is simply the location,
, which is the center of the rectangle with a predefined size for color histogram matching. The rectangle size is not related to the target size and appearance, because the rectangle region is just used for histogram matching. The size of a target is described by the distribution of samples, while the dynamics of the target are described by the simple linear model:
where, G denotes the Gaussian noise that is in charge of spreading the samples and the variation is determined according to the spreading degree of samples, which is adaptively set by a filter mode.
Weight Update
As shown in Fig. 1 , when two targets are overlapped, all samples are centralized into only one target due to the higher likelihood of that target. JPDAF, the data association based technique, is an efficient way of independently tracking targets by calculating the intersection of each other. However, the computation complexity is inappropriate for a real-time tracker, because the number of associations grows exponentially as the number of targets and the number of measurements increase. To improve the performance, we define the predictive target region (PTR) and propose a method to exclude the samples in the overlapped region at the re-sampling step. Fig. 2 . The concept of mutual exclusion of disjoint particle filters Fig. 2 shows the boundary of two overlapped PTRs for mutual exclusion at the particle sampling stage. If two particles are overlapped at the PTR, particles from different filters are depicted as dots or circles in Fig. 2 , and are used separately for each particle filter. We can compute the PTR centers with
that are generated in the re-sampling process.
The distance of an i th sample from the PTR center of the t th target is defined by:
where, k t S is a covariance matrix of all the sample positions for the t th target. We assume a predictive target distribution function for the i th sample as the Gaussian distribution.
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where, k t S is the determinant of k t S . This is the predictive target distribution function by conversely estimating from the propagated samples. Each particle has a weight assigned to it, which represents the probability of that particle being sampled from the probability density function. After a few iterations the particle set will contain many particles with weight close to zero and a few particles with high weights. In order to avoid this effect we re-sample the particles that new particle set likely contains multiple copies of particles with high weights whereas particles with low weights are likely to be discarded form the set as shown in Fig.3 . The particles with higher weights (larger circles) are chosen with a higher probability, but the total number of samples stays the same.
Sample weights are updated by the observation likelihood, if the predictive target probability of the target being tracked is higher than the predictive target probability of other targets, as follows:
If the weight is updated for all particle samples in (9), the state vector of the t th target can be estimated as follows: π of all particle filters are higher than the threshold 1 T , then a new particle filter is generated to track targets that are not chased. If there is no target remaining to be tracked, then the generated particle filter will be eliminated. The samples in the generated particle filter are uniformly distributed in the global region of the image at the initial time, and are then converged in one target by applying SIR (sampling importance re-sampling). In this process, if the k t π of the generated particle filter is higher than 1 T , then the status of the generated particle filter is changed into the tracking mode.
2) Tracking Mode: Targets are tracked by applying the SIR with (9) . In this process, if the k t ω is lower than 2 T , then it will be changed into the occlusion mode.
3) Occlusion Mode: This process is under the situation that most samples missed the target.
In this step, instead of the SIR process, all samples are propagated by dynamics with the Gaussian noise, as described in (4). After particles are propagated by (4) and updated by (9), if k t ω is higher than 2 T , then the mode will be changed into the tracking mode.
4) Elimination: If the filter confidence
k t π is lower than 3 T , then the particle filter will be eliminated.
Our method has tracking and occlusion modes to distinguish between the cases of the lost target and temporary occlusion. If the average of all sample weights is lower than the threshold, then the mode changes into the occlusion mode and keeps tracking by the propagation of particles according to the dynamics of the Gaussian noise. Because the filter confidence is updated by the mean of weights of all the samples in the filter, as shown in (9), the filter confidence decreases in the occlusion mode. If the filter confidence is lower than the threshold, then the filter restarts the tracking for the new target by uniformly distributed samples. The images in the first row show that the red color denotes a target moving in a circular trajectory, the cyan line is a trace of the target, and the gray region is an artificially made obstacle. In the second row images, the cyan points mean the particle samples tracking a target, and the predictive target region (PTR) that occurs by particles is presented as a red ellipse.
As shown in Fig. 5 , the moving direction of the target is changed from (a) the bottom of the 
Experiment
The experiments are performed on a PC with 2GB memory, 2.0 GHz Quad-Core CPU, and the resolution of an input image is 640×480. To apply real-time surveillance systems, we compare the performance of the proposed method with that of JPDAF. In the second experiment, we test the multi-target tracking for soccer players that occlude each other. The experiment is performed by increasing the number of targets from one to nine with N=2000 for each target, with 1 T =0.9, 2 T =0.7, 3 T =0.1, and α =0.9, in (11) . For the initialization of the particle filter, we manually select the starting values of the state vector x k , and the number of particle filters increases from one to the number of targets. The samples in the generated particle filter are uniformly distributed in an image at the initial time then converged in one target by applying the importance re-sampling. After the particles of a filter are converged to a target, a new particle filter is generated according to the scenario in Section 3.3. between the data association technique and the proposed technique. Fig. 6 shows the 12 th frame starting with one particle filter, and from 38 th to 116 th frames there are four particle filters in tracking mode. Fig. 8 shows the tracking results using DPF for soccer players that occlude each other. In Fig.   8 , the 130 th~2 00 th frames show two soccer players overlapping one another, and the DPF excludes particle samples in the two overlapped PTRs at the re-sampling step. Despite occlusion, the 236 th frame shows successful tracking of each player, because DPF can spatially distinguish the two targets in the occluded PTR by sample exclusion. This result shows that the proposed algorithm assures tracking accuracy as well as computational efficiency for real-time surveillance applications. 
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Conclusion
The disjoint particle filter intuitively and efficiently tracks multi-target by excluding particles in the overlapped tracking region between the tracking target and other objects. In the case of occlusion, DPF changes the tracking mode with the SIR process into the occlusion mode with Gaussian propagation, and tracking is stable despite the occlusion. In the experiment of tracking targets of billiards and soccer players, we show the robustness in tracking targets and the efficiency in computation. In future work, we will combine the DPF with textural features and it will be applied to real-time surveillance systems.
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